Abstract. This paper presents an approach for deformable registration of a normal brain atlas to visible anatomic structures in a tumor-diseased brain image. We restrict our attention to cortical surfaces. First, a model surface in the atlas is warped to the tumor-diseased brain image via a HAMMER-based volumetric registration algorithm. However, the volumetric warping is generally inaccurate around the tumor region, due to the lack of reliable features to which the atlas can be matched. Therefore, the model structures for which no reliable matches are found are labeled by a Markov Random Field-Maximum A Posteriori approach. A statistically-based interpolation method is then used to correct/refine the volumetric warping for those structures. Finally, with the good initialization obtained by the above steps and the identification of the part of the model anatomy that can be recognized in the patient's image, the model surface is adaptively warped to its counterpart that is visible in the tumor-diseased brain image through a surface registration procedure. Preliminary results show good performance on both simulated and real tumor-diseased brain images.
Introduction
In neurosurgical planning, it is of interest to register a normal brain atlas to a patient's tumor-diseased brain image, in order to transfer the information available in the atlas to the patient's space for surgical guidance. In this paper, we propose an approach for deformable registration of a normal brain atlas to visible anatomic structures in a patient's brain image in the presence of tumor. We assume that only part of the patient's anatomy is visible, since some tissue might be severely distorted by the tumor and/or obscured by edema, and some tissue might have died during the tumor growth. Our long-term goal is to use the registered visible anatomy to estimate 1) the tumor location in a standardized atlas for the purpose of atlas construction from such patients and 2) the location of deformed and invisible structures for the purpose of neurosurgical planning. As an example, Figure 1 shows a normal atlas and a tumor-diseased brain image to be registered.
In general, the proposed approach extracts and exploits reliable information to drive the registration. There are four steps in our approach, as summarized in Figure 2 . Firstly, a complete model surface (i.e., see Figure 1 ) in the atlas is warped to the space of a patient's brain by a HAMMER-based volumetric registration algorithm [6] . Secondly, a confidence level for the accuracy of volumetric warping for each model surface vertex is determined by computing the possibility of this vertex has found its counterpart in the tumor-diseased brain. The degree of confidence will be low around the region where image features are missing due to the presence of tumor and/or edema. Based on the confidence map, we employ a Markov Random Field (MRF)-Maximum A Posteriori (MAP) approach to classify the model surface vertices into two groups, one roughly corresponding to the missing/invisible anatomy in the patient's brain, and the other roughly corresponding to the visible anatomy. Thirdly, a statistically-based interpolation method is used to correct/refine the deformation fields in the low confidence regions by those in the relatively high confidence regions. Finally, with the good initialization obtained by the first three steps and the identification of the part of the model anatomy that can be recognized in the patient's image, the model surface is adaptively warped to its counterpart visible in the patient's brain image by a surface registration procedure. 
Method

Volumetric warping
The HAMMER-based volumetric registration algorithm [6] is used to bring the model surface in the atlas close to its counterpart visible in the tumor-diseased brain image, in order to facilitate the subsequent steps. The registration accuracy is expected to be relatively high in normal brain regions [6] . However, the volumetric warping is expected to be less accurate around the tumor region, due to the lack of reliable features to which the atlas can be matched. To address this problem, a statistically-based interpolation method is used in Section 2.3 to correct/refine the volumetric warping around the tumor region, in order to provide better initialization for the model surface so that it can be registered with visible structures in the tumor-diseased brain through a surface registration described in Section 2.4.
Surface vertex grouping
To facilitate the statistically-based interpolation in Section 2.3, which requires hard grouping of the model surface vertices, the warped model vertices are classified into two groups. One group includes the vertices for which a good match can be found in the patient's brain after volumetric warping, and the opposite for the second group.
Firstly, we compute the confidence level of volumetric warping for each model surface vertex, in order to roughly measure the warping accuracy. The confidence level is defined as the similarity between this model surface vertex and its most likely counterpart in the surface of the tumor-diseased brain. Intuitively, if the similarity is higher for a model vertex, we can have more chance of detecting its correspondence in the registration procedure and thus have more confidence in the accuracy of the volumetric warping for this model vertex. The similarity between a model surface vertex is defined as: 
where To classify model surface vertices into two groups based on above confidence map, we employ a MRF-MAP method, because MRF theory provides an efficient and powerful framework for modeling spatial dependence and MAP estimation offers a mechanism for finding a desirable solution. Let . According to the Bayes theory, the MAP-based vertex grouping is obtained by:
where Ω is the set of all possible grouping results. The term
is modeled as an independent multivariate Gaussian distribution. According to the Hammersley-Clifford theorem [1] , ) (ω P has the Gibbs distribution, and its energy term is the sum of clique potentials over all possible cliques. Here, only cliques of a size up to two are considered, and the homogeneous multi-level logistic (MLL) distribution [1] is used to define the potential for two adjacent vertices. To solve Eq. (3), we use the local optimization method of Iterated Conditional Modes (ICM) [2] .
Notably, we reconstruct anatomic surface in the patient's brain directly from the WM/GM volume in the tissue-classified image [4] , without pre-segmentation of the tumor. This may introduce false WM/GM structures when performing the marching cubes algorithm to the possible extra WM/GM boundaries, produced during the tissue classification of the tumor-diseased brain image. However, those false structures have little effect on the surface vertex grouping and the following step of surface registration, since no structures of the model would match them.
Statistically-based interpolation
The general idea of the statistically-based interpolation is that we determine the deformation vectors of part of model surface by those of the remainder of the model surface using a statistical estimation method. In this paper, we use the statistically-based interpolation to correct/refine the volumetric warping in the low confidence regions.
More specifically, we discard the volumetric warping in the low confidence regions , using a statistical estimation method based on canonical correlation analysis in [5] . The statistical estimation is achieved by learning from a training set of deformation fields, which is obtained by warping a model surface in the atlas into individual normal brain images via the hybrid registration method in [3, 4] .
It is worth noting that the statistically-based interpolation places the model structures much closer to their counterparts visible around the tumor region than the volumetric warping in Section 2.1, thus providing a good start for the next step of surface registration. In the future, we intend to take into account the statistics of the tumor mass effect, which can be obtained via a large number of tumor growth simulations at different brain locations [8, 9] , in the statistically-based interpolation, thus leading to better initialization for the following step of surface warping.
Surface warping
Based on the initialization obtained by the first three steps, the surface warping step is designed to adaptively deform the model surface Mathematically, the surface warping can be formulated as a procedure of minimizing the energy function as defined next: is defined as the same as that in [3, 4] , in order to preserve the shape of the model surface during deformation. To minimize the energy function, we use a greedy deformation algorithm. Similarly, we use the scheme in [4] to prevent self-intersection during deformation, and use the adaptive deformation strategy [4, 7] based on the confidence map to reduce the chances of being trapped of local minima. Notably, the confidence map and vertex grouping result are updated using the method in Section 2.2 after each iteration of the energy minimization process, since during the surface deformation procedure, some model structures might move outside the tumor, while other structures might move inside it.
So far, we have not used any tumor information in the registration. However, integrating tumor information, i.e., the location of tumor, into the registration procedure can potentially improve the registration accuracy.
Results
The performance of the proposed approach is tested by both simulated and real tumor-diseased brains. In these experiments, we register only WM/GM surfaces.
In this experiment using simulated tumor-diseased image, we compare the registration result obtained by our proposed approach with the ground-truth that is created as follows. We employ the method in [9] to grow a tumor in a normal brain image, and produce a tumor-induced deformation field. Then, the model WM/GM surface in the atlas is registered with its counterpart in the normal brain image [3, 4] , and further deformed by the tumor-induced deformation field generated in the tumor simulation.
The finally deformed model WM/GM surface is regarded as the ground-truth. Independently, we use the proposed approach to register the WM/GM surface reconstructed from the simulated tumor-diseased brain image. Figure 3 shows the histogram of registration errors of the proposed approach, compared to the ground-truth, after initialization and after final surface warping. The average registration error in the visible structures of the tumor-diseased brain drops from 1.4 mm to 1.1 mm, from initialization to final surface warping. As for the WM/GM surface around the tumor region, the average registration error drops from 2.5 mm to 1.8 mm. Figure 4 shows the overlay of a typical slice with the patient's WM/GM surface, the initialized model surface and the finally warped model surface. The registration result seems visually reasonable.
The performance of the proposed approach is also tested using real tumor-diseased brains obtained from the SPL brain tumor database [10] . Figure 5 shows the overlay of a typical slice with three surfaces, a patient's WM/GM surface, the initialized model surface and the finally warped model surface. It can be seen that the registration result is visually reasonable. For reference, the patient's WM/GM surface can be found in Figure 1 . Since we do not know the true correspondences among the WM/GM surfaces in this experiment, we used the surface distance to measure the registration accuracy. By this measurement, the average distance is 0.3 mm from the finally warped model surface to the patient's surface, and is 0.46 mm from the patient's surface to the finally warped model surface. Here, only regions labeled high confidence are counted in the surface distance calculation. Notably, the average model-to-patient surface distance drops 57 percent after the surface warping. This can be confirmed by a color-coded map of distances of the warped model to the patient's surface in Figure 6 . Table 1 gives surface distance results for additional three patient images. Table 1 . Average surface distances for four tumor-diseased brain images. 'M' represents a finally warped model surface, and 'P' represents a patient's surface. 'M-P' denotes the distance from 'M' to 'P', and 'P-M' means the distance from 'P' to 'M'. 
M-P distance
Conclusion
We proposed an approach for deformable registration of a normal atlas to the visible anatomic structures in a tumor-diseased brain. Although we registered only WM/GM surface in this paper, our approach can be applied to register other surfaces in a tumor-diseased brain, including the GM/CSF surface. In the future, we intend to integrate into the registration approach the statistics of the mass effect of a tumor, which are determined via a large number of tumor growth simulations at different brain locations, and validate the approach using a larger number of patient brains.
